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SINCE AUGUST KROGH first developed a simple model of O 2 diffusion from an idealized capillary into the surrounding tissue (15) , researchers have worked to more accurately characterize the microvasculature to develop more realistic models of tissue oxygenation and to provide data for testing these models. To provide a clear picture of the microcirculation as a whole, a variety of tools have been developed to quantify network morphology and flow hemodynamics and to measure conditions within the blood itself. These tools include stereology, microscopy, histology, spectrophotometry, and a variety of mathematical constructs (9, 11, 16, 20, 22, 27) . Drawing on several of these tools, integrated approaches have been made to represent blood flow and O 2 delivery using computer modeling (8, 23, 25) . The majority of modeling efforts have been concentrated on the simplification of complex network geometry using predominantly parallel arrays of microvessels constructed using statistical averages from histology and stereology. While these simplified models have provided great insights into convective transport within microvascular networks, they remain somewhat of an abstraction from the conditions found in vivo and likely fail to represent the substantial variability seen in living animals (1, 8) .
The specific geometry of a vascular network is integral to its function not only with respect to distribution of blood flow but also for diffusive delivery of vital nutrients and removal of waste products (5) . To provide a complete picture of convective and diffusive O 2 delivery within a three-dimensional (3-D) volume of tissue in vivo, one needs to reconstruct the 3-D vascular bed using quantitative data of microvascular network geometry together with measurements of blood flow and O 2 concentrations in these vessels. There are a number of previously published methods of reconstructing complex 3-D vascular networks using fluorescent endothelial labeling and confocal microscopy (2, 4, 10) . These approaches are difficult to apply in vivo, and as such the reconstructed networks are derived from ex vivo sections of tissue without direct measurements of blood flow or O 2 levels within individual vessels. Methods using dual-photon laser scanning are capable of resolving 3-D networks and calculating red blood cell (RBC) flux within vessels but still lack the ability to combine these functional measurements with O 2 saturation or PO 2 necessary for O 2 transport modeling (13) . Furthermore, laser scanning techniques determine hematocrit (Hct) and RBC flux from a small fraction of labeled RBCs, which reduces the accuracy of measurements within capillaries with low total RBC flux over the sampling duration.
This report presents a software package capable of processing functional images from white-light intravital video sequences of microvascular blood flow to reconstruct the functional 3-D network geometry within a volume of interest. The reconstructions provide detailed measurements of vessel diameter, vessel length, and vascular density as well as an accurate representation of the interconnectivity between individual vascular segments. These measurements were achieved using an approach that combines automated vessel selection, manual user interaction, and quality control algorithms. To illustrate the potential of this approach, seven discrete network reconstructions are presented that show the variability of geometry in vivo and the scalability of this software. The same video sequences used to provide data for the 3-D reconstruction were analyzed for RBC velocity, RBC lineal density, RBC supply rate, and RBC O 2 saturation in individual capillaries within the network using existing analysis software (12) . Combining geometric data together with parallel analysis of RBC hemodynamics and O 2 saturation using a single optical imaging system was an additional objective of this study. The resulting network data set is a multifaceted characterization of microvascular O 2 transport within a volume of tissue in vivo. Finally, we present a simple format for the data set created by the integrated software. This approach to data management is scalable and adaptable and provides an easy to integrate framework for the analysis of network morphology, for hemodynamic flow modeling, and for integrated modeling of O 2 transport in both normal and pathological states.
MATERIALS AND METHODS

Experimental Model
Intravital video sequences of capillary networks in the extensor digitorum longus (EDL) muscle of six rats were used as the basis for the present work. Animal protocols were approved by the Animal Care and Use Committee of the University of Western Ontario. Male Sprague-Dawley rats (80 -100 g on delivery) were housed in dedicated animal quarters at the University of Western Ontario and acclimatized for 7 days after delivery. On the day of the experiment, an animal was randomly selected and weighed to verify a suitable mass between 140 and 180 g. Animals were anesthetized with an initial intraperitoneal dose of pentobarbital sodium (6.5 mg/100 g body wt). A tracheotomy was performed to allow mechanical ventilation at a rate of 73-76 breaths/min with a flow-controlled air mixture of 30% O 2-70% N2. The left common carotid artery was cannulated with polyethylene tubing and perfused with ϳ1 ml/h of heparinized saline (1 USP heparin/1 ml saline) to maintain patency. A pressure transducer connected to the carotid cannula allowed heart rate and mean arterial pressure to be monitored and recorded with an attached printer. Similarly, silastic tubing with a beveled end was used to catheterize the right external jugular vein, through which saline was continuously infused for fluid resuscitation (0.5 ml saline·h Ϫ1 ·100 g body wt Ϫ1 ). Supplementary doses of anesthetic were delivered via the jugular catheter, as needed, to maintain sufficient anesthesia over the duration of the experiment (3-5 hrs). The EDL muscle was blunt dissected and externalized as previously described by Tyml and Budreau (26) . Briefly, a small section of the skin was removed from the lateral side of the right lower hindlimb, exposing the fascia capsule of the underlying muscles. Superficial dissection of the capsule and blunt separation of the surrounding muscles allowed the EDL to be isolated. Silk ligature was threaded under the intact muscle and secured with a square knot on the distal portion of the EDL tendon. The tendon was then severed between the ligature and muscle insertion, leaving the ligature securely attached to the free end of the EDL tendon. After EDL dissection, the animal was transferred to the microscope stage and placed on its right side in a semiprone position. The ligature secured to the EDL tendon was then taped to the stage such that the lateral side of the muscle was facing the objectives and the muscle maintained a length and angle approximate to the resting position in situ. The muscle was moistened with 37°C saline and covered on the medial side with a small square of plastic film (ϳ2 ϫ 2 cm, polyvinylidene chloride, Saran) and a glass coverslip to isolate the muscle from the external environment.
Dual Spectrophotometric Intravital Video Microscopy
Microvascular blood flow video sequences of in-focus capillaries were simultaneously captured at two specific wavelengths (420 and 431 nm) using a system similar to those described elsewhere (6, 12) . The 420-nm wavelength is an isosbestic point, and therefore O 2 insensitive, whereas light at 431 nm has differential absorption for rat oxyhemoglobin and deoxyhemoglobin. The acquisition system (see Fig. 1 ) was composed of a Nikon Diaphot 300 inverted microscope (Nikon objectives: ϫ10/0.25 numerical aperture and ϫ20/0.4 numerical aperture) fitted with a 100-W xenon lamp for transillumination. A beam splitter fitted within the light path reproduced the microscope image par focally to allow for simultaneous video capture with two identical computer acquisition systems. The beam splitter contained a filter cube containing interference filters at each of the aforementioned wavelengths (420 and 431 nm). A strip of black electrical tape was affixed vertically to the left side of the light path to provide a region Fig. 1 . Schematic of the microscope and digital capture setup used to record the intravital video of muscle blood flow at two different wavelengths. CCD, charge-coupled device.
of black reference in the video image. Each system consisted of a charged-coupled device (CCD) camera (MTI C72). The video signal was captured in real time by an analog-to-digital capture card (Data Translation 3155) using custom frame capture software (Neovision) and in-house software written in the MATLAB (Mathworks) programming environment. Video images were displayed locally on closed circuit monitors to allow the user to maintain focus before and during the acquisition sequence. Simultaneous frame-by-frame capture was triggered on the capture cards with a digital synchronization pulse from a time code reader attached to an external time code generator (Telecom Research, Burlington, ON, Canada).
Experimental Protocol for Capture of the 3-D Network Data
To capture the video sequences needed to reconstruct the network in a given volume of interest, the user followed a specific protocol. Using the real-time microscopic image of the muscle, an initial pan of the muscle surface was made to identify any damage and to establish that flow within the muscle was normal. A complete arteriolar-tovenular network, a partial network at either end of the capillary bed, or a section in between was selected that was free of surface artifacts and had a minimum of large underlying vessels that might prevent later analysis of vessel hemodynamics. Starting at the surface, the user made a recording at each focal plane where one or more microvessels could be clearly resolved. During each video capture, focus was carefully maintained on RBC flow for a period of time, typically 60 s. Additional sequences were also made to capture network detail at bifurcations and to track vessels that traverse planes. The result was a serial stack of video sequences within the volume (a single volumetric field of view) composed of unequally spaced focal planes containing vessels that could be used to fully characterize all of the capillaries within that volume of tissue. The typical number of focal planes captured in a volumetric field of view ranged between 4 and 10. Very short networks or partial networks could be captured using a single volumetric field of view. Larger networks, spanning multiple volumetric fields of view, were acquired starting at the arterial inlets and then repeating the capture process in fields that overlap one or more previously acquired areas (the reconstruction shown in Fig. 6 required 24 different focal planes). Overlapping fields enabled the user to register each field with respect to one another. A complete series of video sequences spans the entire volume of interest in all three axes.
Video Processing and Functional Images
Videos were processed by the capture software and offline using separate custom analysis software to provide hemodynamic and O 2 saturation measurements for individual vessels. Video sequences at the isosbestic wavelength (420 nm) were processed to produce variance functional images consistent with the method previously described by Japee et al. (11) . Variance images were created by calculating the total variance in each pixel over the video sequence, whereas mean intensity images show the average pixel value for each pixel in the frame over the capture period. Functional images provide a clear delineation of the capillary, which can be processed to determine the two-dimensional (2-D) coordinates of the lumen and centerline within the field, as described below. In-focus capillaries from video sequences were selected, and measurements of velocity, Hct, RBC supply rate, and O 2 saturation were made using custom software based on the method described in Japee et al. (12) . Briefly, the location of the vessel centerline is used to extract light intensity values along the vessel from every video frame in the captured 420-nm sequence to generate a 420-nm space-time image (STI), which describes the position of RBCs along the vessel centerline over time. The centerline location in the 420-nm variance image guides the automatic selection of the centerline location in the nonisosbestic (431 nm) variance image from which a 431-nm STI was generated. A physical black reference region along the left edge of the captured field was used for each STI to provide the relative zero light intensity value. RBC velocity (in mm/s) and RBC lineal density (in RBCs/mm) were calculated from the 420-nm STI using a method based on that previously described by Ellis et al. (7) . RBC velocity was calculated by applying a spatial correlation technique to frame-by-frame light intensity data in the 420-nm STI to determine the displacement of the RBC column from one frame to the next. The RBC lineal density in each frame was calculated from the STI based on the length and optical density (OD) of single RBCs in each capillary. The product of velocity and lineal density yields the RBC supply rate (in RBCs/s) on a frame-by-frame basis. Hct was also calculated on a frame-by-frame basis using lineal density to determine the number of cells in the vessel (N RBC), RBC volume (VRBC), and calculated volume of the vessel segment (V vessel) using the following equation: Hct ϭ (NRBC ϫ V RBC)/Vvessel.
The temporal and spatial location of plasma gaps in the two STIs were used to extract plasma light intensity data that corresponded to the incident light levels (I o) experienced by the RBCs as they traverse the capillary. Incident light was then used to calculate RBC OD and thus O 2 saturation (6). A cubic spline-fitting algorithm (MATLAB) was used to interpolate I o values at locations occupied by RBCs in the STI. Using these interpolated I o values and the measured intensity values for RBCs (I m) in each STI, the ODs of the RBCs at both wavelengths (OD 420 and OD431) were computed using the following equation: OD ϭ log(I o/Im). The resulting OD420 and OD431 STIs were used to generate an OD ratio STI (OD 431/OD420) from which the hemoglobin O2 saturation of the RBCs could be calculated using an in vivo calibration acquired in separate experiments.
Mapping 3-D Network Geometry
Calibration and image registration. The diagram shown in Fig. 2 outlines the process that was followed to reconstruct 3-D microvascular network geometries. All aspects of the reconstruction were conducted using a graphical user interface for the mapping software package written in the MATLAB programming environment. Functional images (see Figs. 3B and 6, middle), showing the geometry of individual vessels were generated from the video sequences used as the basis for mapping the network. Images were registered with respect to each other with the bottom left corner of the first image being used as the origin in 2-D. Subsequent target images were registered using a user-driven cross-correlation method. Vascular features in functional images are frequently visible across multiple planes of focus, which allows this method to be used to register images within the same plane and between overlapping images from different focal planes. The user was prompted to select a single control point from a characteristic vascular feature in the target image and a previously registered image. A small subregion (30 ϫ 30 pixels) centered around the control point in each image was then used to perform a normalized 2-D cross-correlation of pixel intensity to identify the correct spatial shift to align the two subregions (the "normxcorr2" MATLAB function) using the method described by Lewis (17) . The spatial shift and original position of the subregion in the target image were combined to register the image in 2-D. The user entered the focal depth of each registered image as measured during the experiment using the microscope's fine focus. This approach provides a complete 3-D registration of each source image.
Vessel selection for diameter and centerline. With all functional images registered in 3-D, step 3 involved defining the location of the lumen of all vessels for the 3-D reconstruction as well as for vessel geometry (diameter and length). A vessel lumen (volume available for RBC flow) is clearly defined in the functional images by white pixels (high variance of light intensity values due to passage of RBCs) against a dark background of tissue (low variance), and thus an edge detection algorithm based on the 2-D gradient in variance values was used to define the lumen. Using functional images, the lumen was defined by the passage of the RBC column and not by the physical location of the endothelial wall (which is rarely visible at the wave-lengths used). The user selects the in-focus sections of individual vessels in each functional image using a semiautomated user-driven technique. A rectangular subregion [F(x,y)] is drawn that bounds the in-focus section of the vessel (Fig. 3B) , and the software creates a gradient image from the subregion image using the MATLAB built-in "gradient" function. The function creates a 2-D gradient array in the x and y directions according to the following equation:
where i and j are the pixel indexes of the functional image. The x and y gradient arrays are used to calculate the absolute magnitude [M(j,i)] (Eq. 2) and four-quadrant angle [(j,i)] (Eq. 3) of the gradient vector in 2-D using the following equations: Figure 3C shows the gradient image using a threshold such that the low gradients in the tissue and vessel center are set to zero. The resulting gradient image shows the outline of the vessel and aids the user in determining if the selected vessel was in focus over its entire length (if a portion of the vessel is out of the plane of focus, the gradient falls below the threshold).
The user selects a seed point within the vessel lumen to act as a starting point for the centerline and diameter-tracing algorithm. A single seed point is required for each vessel segment, although the segment length is only limited to the size of the field. The algorithm first determines if the vessel is oriented vertically (45°Ͻ Ͻ 135°) or horizontally in the image and then searches for the maximum gradient in the horizontal or vertical direction on either side of the seed point. The edge of the lumen was set as one pixel beyond the location of the maximum gradient. The pixel halfway between the two edges was defined as the centerline for that cross-section. Diameter (d) was calculated by the following equation: where C is the pixel to micrometer scaling factor, XL is the distance of the vessel cross-section (in the vertical or horizontal direction, depending on orientation), and ␣ is the average angle of the vessel edges at that point.
The algorithm incrementally locates vessel edges, the centerline, and calculated diameter as it moves from the original seed point toward each end of the vessel; this process is repeated until the full lumen of the vessel is traced (Fig. 3, D and E) . The location of the centerline for this vessel with corresponding diameters within the 3-D volume was stored for reconstruction of the 3-D network in step 9. All vessel data were stored in individual files according to a unique vessel identification number (VIN) entered by the user. The automated segmentation process was validated using a digital video phantom of RBCs flowing through a predefined virtual vessel lumen using representative hemodynamic parameters. Cell pixel intensities in the phantom were defined based on typical ODs for RBCs in video from the described microscopy system and assuming a circular luminal crosssection. The background for the phantom was selected from an avascular subregion in a mean image obtained from an intravital video of skeletal muscle. Error rates in edge position detection were calculated for a range of random noise levels applied to each video frame in the phantom video sequence. Percent error was determined by comparing the edge locations identified by the automated algorithm with the known positions as defined by the phantom.
Vessel segments that cannot be selected using the automated process (e.g., vessels that span multiple planes in the vertical direction) were defined manually by the user in a pointwise fashion from functional images. Diameters for manually selected vessels were measured directly by the user from the functional images using a built-in calibrated point-to-point measurement function.
Connecting vascular segments. Once individual vessel segments have been acquired, it is possible to join vessel segments in a number of ways. Two vessel segments can be joined together to form a continuous vessel where the adjoining section is a straight line between the closest end points of each segment and the diameter at interceding centerline locations is the average of the diameter at the end of each segment. To create a bifurcation between three vessels, the user identifies the vessels that make up the bifurcation and the software determines the location of the bifurcation by finding the minimum distance (centroid) between the end points of all three vessels using the following equation:
where A, B, and C are the nearest 3-D end-point coordinates of the three vessels being joined. The vessels making up the bifurcation are extended to the centroid along the 3-D vector between the vessel end point and the centroid. Centerline points are placed along the vector in fractional intervals consistent with the source vessel's centerline point-to-point spacing, where the nth coordinates of the spanning segment are defined as follows:
where VEnd (x,y,z) is the 3-D coordinate of the original segment end point and n is the number of centerline points in the span. Throughout network reconstruction, original source videos are reviewed to distinguish between crossing unconnected vessels and bifurcations.
Quality control. After the selection and joining of all vessels within the volume, it is necessary to validate the resulting network for spatial continuity. This is primarily due to vessels being selected from different source images, and, therefore, there can be small spatial errors due to the integer nature of pixel-based registration. Networks can have complex patterns of vessels, and a user may miss a segment, fail to connect segments at bifurcations, incorrectly assigned vertical coordinate, or trace the same vessel section more than once in separate images. To check for these inconsistencies, several approaches are used. Initially, the distance between all vessel end points is calculated, and those that are within 0.5 m of each other are assumed to be part of the same bifurcation and are fixed to share the same absolute spatial coordinates. The corrected vessel coordinates are then used to validate the continuity of vessel end points using a registered array of the end points. Each vessel end point undergoes a logical comparison with all other points to determine whether the vessel is an unconnected end, part of a bifurcation, or part of an errant connection composed of only two or greater than three vessel ends. In addition to checks made at end points, all points along each vessel are evaluated to determine if any other vessel within the volume erroneously intersects with the segment wall. The user is provided with a visual map of the reconstructed network with any inconsistencies marked symbolically so the user can rapidly identify problems with geometry or blood flow continuity (see Fig. 4 ) as well as a text list of inconsistencies and associated coordinates. Identified inconsistencies must be resolved by the user by making necessary connections, removing errant segments, or correcting blood flow direction before the reconstruction can continue.
Indexing vascular functional data. After the network geometry had been reconstructed completely and all problems with geometric continuity had been resolved, it was then possible to index previously measured velocity, Hct, and saturation data with corresponding vessels within the network. Each vessel within the reconstructed network was associated with a VIN, which was used to index the hemodynamic parameters, blood flow direction, and inflow/outflow saturations to individual vessels. Vessels for which no hemodynamic or saturation data were measured were populated with calculated or mean values from the network or flagged as unknown depending on the intended application of the reconstruction.
Networks of interest were rarely oriented exactly parallel to the y-axis in the field of view, and so it was necessary, in most cases, to rotate and trim the entire geometry, establishing a Cartesian volume that closely bounds the volume of interest in which the selected network lies. The network is rotated according to a rotation angle () supplied by the user. The (x,y) coordinates of each vessel data file (V) are shifted by applying the following standard rotation matrix:
resulting in rotated geometry coordinates that were not otherwise altered. After rotation, the vessels within the network are trimmed such that free ends start and terminate in the plane of the bounding rectangular volume.
Visualizing network reconstruction. During the reconstruction process, the user could visualize the network in two distinct ways. A 2-D composite map of all registered functional images could be dynamically generated with tracings of vessel positions, each labeled with a VIN, overlaid on the composite map. Alternatively, the user could generate and interact with the current 3-D vascular map using built-in zoom, pan, and rotate functions to inspect the progress in reconstructing the network geometry. Vessels were rendered for visualization as variable diameter cylinders with surface color indicating the relative position within the volume. Cylindrical surfaces of vessels were generated using an open-source MATLAB script (24) .
Analysis of Reconstructed Network Morphology
To calculate the capillary density in a manner consistent with measurements from histological sections (19) , an in silico stereologi- cal approach was used. Virtual transverse sections were made every 10 m through the reconstructed 3-D geometry (Fig. 5) , and the number of capillaries, vascular area, and Krogh radius were calculated in each slice. Intersecting capillary areas were taken to be elliptical with eccentricity being calculated according to the angle of intersection with the plane. The vascular area was measured for each section and was subsequently used to compute capillary area density. The numbers of capillaries in each slice were used to calculate the number of capillaries per millimeter squared, and from those values the Krogh radius for each slice was also determined (15) . Capillary volume, surface area, segment lengths, and diameter were calculated directly from the geometric data. For the purpose of these calculations, capillaries were treated as a series of variable diameter cylindrical sections where any overlaps or gaps at node points were considered to be insignificant. Only vessels with a diameter of Ͻ8 m were considered for measurements specific to capillaries.
Processing
Network reconstruction and analysis were conducted using an Apple MacBook Pro personal computer with 3 GB of RAM and a minimum of 1 GB of hard drive space. All software used to generate functional images, reconstruct the observed networks, and measure hemodynamics and O 2 saturations was written by the authors using current versions of MATLAB (Mathworks). Functional images were generated automatically between successive video captures and were used for offline analysis of hemodynamics and network reconstruction.
RESULTS
Network reconstruction was carried out on seven distinct vascular networks from six different animals. Total reconstruction time varied between 1 and 10 h depending on the size of the volume of interest and complexity of vascular connections. Completed networks were checked for continuity using the aforementioned algorithms. The dimensions of each reconstructed network are shown in Table 1 . Mean capillary diameter, mean capillary segment lengths, mean capillary area density, capillary volume density, capillary length density, and Krogh radius were calculated for each network and are shown in Table 2 . Error analysis for the vessel segmentation phantom was conducted for noise levels of 4%, 6%, 8%, and 10%, resulting in percent errors of 0.25, 0.25, 1.77, and 5.56, respectively. The small proportion of edge points, as indicated by the percent error, that did not match exactly were within 1-2 pixels of the true edge location. Typical noise levels in the described intravital video system ranged between 5% and 10%.
Registered functional images were combined into composite maps to better visualize the spatial position of vessels within the network. The use of functional images allowed for the registration of images from within the same focal plane and between images from different planes. The final composite map from network D contains 37 overlapping and registered functional images. A subset of the composite map, four functional images from the same plane of focus, is shown in Fig. 6 , middle.
An example of the 3-D network reconstruction at bifurcations is shown in Fig. 7 . The images in Fig. 7 show a still frame at a bifurcation, the resulting variance image, a view of the reconstruction in the x-y plane, and an off-axis view that shows the relative depth of the three vessel segments. Hemodynamic and saturation data indexed to individual vessels can be visu- Dimensions indicate the absolute boundary of the vessels within the volume. All measurements are given in micrometers (the sampling resolution for all networks was Ϯ0.65, 1.3, and 3.0 m in the X, Y, and Z directions, respectively). Networks have been cropped to occupy a single contiguous network and rotated to minimize superfluous volume. Note that diameters and capillary lengths were computed using vessels with a mean diameter of Ͻ8.0 m, area density and Krogh radius were determined using virtual histology at 10-m spacing, and volume density and capillary length density were measured directly from the reconstruction of each network. Krogh radius represents the radius of a theoretical tissue cylinder as determined by the tissue area and number of capillaries in each virtual slice and was determined as follows: Krogh radius ϭ ͌ (tissue area)/( ϫ number of capillaries). n values represent the number of point measurements for capillary diameter, number of vessels for capillary length, and number of virtual slices for capillary area density and Krogh radius. alized in a variety of ways. Figure 8 shows colorized versions of the 3-D network that indicate mean RBC velocity (top) and mean RBC O 2 saturation (bottom). The recorded vessel data are stored in text files that follow a simple and uniform structure. The format of the files is shown in Fig. 9 .
DISCUSSION
This study presents a novel software package capable of reconstructing functional microvascular network geometry in 3-D using intravital video images of blood flow within the microcirculation. The reconstructed networks can be used for educational and analytic visualization of microvascular morphology and quantitative in vivo measures (velocity, Hct, and O 2 saturation). The presented 3-D networks can be easily quantified to characterize the observed functional microvasculature and thoroughly describe network morphology within discrete volumes. Future use of these reconstructions will add enhanced detail and accuracy to hemodynamic flow modeling and integrated models of O 2 transport.
The sample reconstructed network shown in Fig. 6 demonstrates the great potential of the presented software. The capability to map the geometry of complex microvascular Fig. 8 . Color maps of mean cell velocity for network E (top) and mean red blood cell O2 saturation for network F (bottom) measured in vivo for individual vessels (gray indicates that no measurement was made).
networks spanning over a thousand micrometers combined with vessel paired functional measurements makes this software a novel tool to investigate O 2 transport. The example network shown in Fig. 6 demonstrates the versatility and scalability of generated maps and clearly illustrates how functional images from intravital video can be translated into 3-D reconstructions of the network geometry.
The network statistics shown in Table 1 demonstrate the large variation between example networks across several presented parameters. Considering the relative volumes of the reconstructions, these variations are largely due to the inherent heterogeneity of the microvasculature as a whole. Mean capillary diameters were consistent with previously reported measurements of rat muscle from functional images (12), histological sections (21) , and microvascular corrosion casts (22) . Similarly, mean capillary length, capillary length density, and Krogh radius coincided with the findings of others (9, 18) . Comparison between the measured capillary area and volume density illustrates the reliability of the virtual histology (Fig. 5 ) in estimating vascular volume and provides an indication of how the volume density measured from the reconstruction would compare to actual histological sectioning.
The reconstructed networks are based on vessels with moving RBCs. Vessels with stopped RBCs or filled only with plasma do not appear in the functional images and hence do not appear in the final reconstructed network. Thus, these are functional networks for delivering O 2 to the tissue, but network statistics acquired from these reconstructions may not agree with histology or corrosion casting approaches, which presumably measure all vessels. The agreement between the data shown in Table 1 and previous findings supports our observation that in a healthy microvascular bed under normal resting conditions the majority of the capillaries are perfused with RBCs.
Limitations
The present study has several limitations that affect the quality of microvascular network reconstruction. The sampling resolution of the objectives limits the accuracy with which the focal plane can be determined to within ϳ6 m at ϫ20 magnification. Digital image capture also limits the accuracy of individual point measurements used to calculate vessel diameters and restricts any single measurement accuracy to within 0.65 m horizontally and 1.3 m vertically (the width and height between adjacent pixels is different because video fields, not full frames, were captured from analog CCD cameras to eliminate velocity artifacts). Due to the pixel-based method used to register overlapping functional images, the absolute position of vessels acquired from different images will be subject to an error of the pixel height and width. The effective sampling resolution is 0.65, 1.3, and 3 m in the X, Y, and Z directions, respectively. Finer optical slicing and higher digital resolution (objectives with higher numerical aperture and digital video cameras with high pixel density) would ameliorate the accuracy of vessel depth measurement and pixel-based measurements. The speed with which a network can be reconstructed has been improved greatly over manual point measurement; however, the new software still requires a substantial amount of user input, which could be reduced with further automation. Although automatic detection of in-focus vessel segments in each functional image may help speed the process, user input is still needed to guide the reconstruction.
The described approach of sampling only focal planes where vessels lie restricts this method of reconstruction to vascular geometries that have vessel segments primarily parallel to the X-Y plane. The validation of the vessel selection algorithm using a digital phantom illustrates the robustness of variance image-based vessel segmentation. The well-ordered vascular geometry in the skeletal muscle and mesentery are ideally suited to this approach. For more complex, randomly oriented vessels, other methods using various fluorescence microscopy techniques (3, 14) are available. Our approach, which combines functional measurements made using the same intravital video used in the reconstruction, produced sufficiently detailed vascular maps to achieve our goal of reconstructing 3-D networks with matching functional data for use in blood flow and O 2 transport modeling.
Applications
The network reconstructions presented in this report have the potential to be used for a variety of purposes related to blood flow and O 2 transport. Using real geometry for modeling blood flow in the microvasculature has great appeal, particularly when the modeling results can be compared on a vesselby-vessel basis with in vivo measurements. Furthermore, using Fig. 9 . Example of an individual vessel geometry file showing the parameterized format of data for each node point along the vessel length. The vessel files are plain text files that are composed of two parts. The first part is the header portion, which contains the unique vessel identifier (VID), the directory path of the source image that the vessel was selected from, and the x-y shift used to register the source image. The remainder of the file is made up of a collimated structure that contains the node point number, vessel XYZ centerline position, vessel diameter at each node point, cumulative vessel length, mean measured velocity, mean measured Hct, and red blood cell O2 saturation. reconstructed networks for O 2 transport modeling presents an opportunity for improved reproduction of in vivo conditions given that the convective delivery, due to geometry, will more closely match that which was observed in vivo. Since the actual network geometry, capillary hemodynamics, and O 2 saturation are acquired from the same microvascular bed in vivo, we have the potential to test the accuracy and relevance of microvascular flow models and O 2 transport simulations.
The present work illustrates a novel method for studying functional network structure based on in vivo data. Other in vivo approaches using fluorescently labeled plasma, quantum dots carried in the plasma, or fluorescent tagging of the endothelium show all vessels regardless of the amount of RBC flow, nor are they useful for measuring hemodynamic or O 2 transport data. These network reconstructions could also be used to follow progressive changes in network perfusion over time in pathological models such as sepsis or shock, which is not possible with histology or in vivo fluorescence imaging. This highlights a major advantage of visualizing the microvasculature and measuring conditions in vivo without the use of intravascular probes or the need for ex vivo sectioning and staining.
Conclusions
We have achieved our objective of developing a system for digitally characterizing the geometry of a microvascular network from in vivo video images of RBC flow. The necessary software uses a simple graphical user interface and can be run on a basic personal computer capable of running MATLAB. Basic morphological analysis of the reconstructed vasculature agreed with previously reported histological measurements of capillary diameters and capillary densities. The resulting reconstructions are recorded in a versatile and straightforward text format that can be easily translated into other modeling applications. Future work using the reconstructed networks presented here will benefit from highly detailed representations of network geometry and vessel-specific hemodynamic and saturation measurements. 
